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Abstract—Search engines for domain-specific media collections
often rely on rich metadata being available for the content items.
The annotations may not be complete or rich enough to support
an adequate retrieval effectiveness. As a result, some search
queries receive only a small result set (low recall) and others
might suffer from reduced relevance (low precision). To alleviate
this, we present a framework that exploits external knowledge to
provide entity-oriented reformulation suggestions for queries that
contain entities. We propose that queries be added as surrogate
nodes to an external Knowledge Graph (KG) via the use of state-
of-the-art entity linking algorithms. Embedding methods are
invoked on the augmented graph, which contains additional edges
between surrogate nodes and KG entities. We introduce a new
evaluation setting to evaluate the quality of these embeddings.
Experimental results on seven datasets confirm the effectiveness
of the approach.

Index Terms—Query Suggestion, Knowledge Graph, Graph
Embedding, Link Prediction, Entity Linking

I. INTRODUCTION

Knowledge Graphs (KGs) organize information and objects
into a graph structure in which entities (i.e., nodes) can be
traversed through relations (i.e., edges), and every traversal
represents a fact which consists of two entities (head and tail)
and a relation between them (i.e., a (head, relation,
tail) triple). In this manner, a KG is a formal representation
of abstract concepts and real world objects. For example the
word “bass” can refer to a type of fish or describe tones
of low in music. However, they are two different entities
in the KG and have different local structure around them
which might help disambiguate different senses of the word.
The construction of a knowledge graph is a well-developed
research area in its own right, and the availability of large and
general purpose KGs have fuelled their popularity across a
range of application settings [1].

Knowledge graphs are sparse data structures, meaning that
the number of facts per entity is very small. For example,
one of the largest real world knowledge graphs, Freebase, has
a fact-to-entity ratio of 16 [2]. The graph structure of a KG
enables reasoning over the individual facts. One such task is
that of Link Prediction (LP) [3]–[5]—inferring new relations
among entities given a snapshot of a graph. LP has many
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Fig. 1: An example illustrating the proposed pipeline. In this
scenario, the search engine (Adobe Stock) yields small number
of results for the query “Spider-Man 3”. Our model suggests a
new query based on an EL/LP pipeline. The suggested query,
“Marvel Comics”, provides search results with higher recall.

applications from friendship suggestion in social networks [6]–
[8] to predicting associations between molecules in biological
networks [9].

In this paper, we consider the problem of query suggestions
within an information retrieval setting and frame it as an
application of link prediction. Here, the user has provided
the search engine with a short keyword query. The user has
examined the returned results and our objective is to provide
reformulation assistance so that the refined query is more978-1-6654-3902-2/21/$31.00 ©2021 IEEE



likely to return relevant results ranked high. Typical algorithms
for this task rely on historical data, where associations between
queries and their constituent words can be mined, which might
work for common queries for which there is plentiful data.

We propose a knowledge-aware query suggestion method
that leverages an existing KG to surface entities related to
those present in the query. In an entity-oriented search, we
expect to rank related entities (nodes in the KG) using a link
prediction model where the head is an entity present in the
query and the tail entities are candidates from the KG. This
ranking can further be restricted to selected relation types. This
process requires an Entity Linking (EL) method that allows
the linking of mentions in the query to the entities of the
underlying knowledge graph.

Despite advances in entity linking methods, there are in-
herent problems in the use of these algorithms in the cur-
rent setting. Search queries tend to be short keyword based
phrases, allowing little or no context for the EL algorithm to
leverage. Given the earlier example, it is almost impossible
to distinguish between different instances of “bass” if there
is no context around them. As a result there is a significant
chance of error in the entity linking which can propagate
through the link prediction phase and produce bad candidates.
Knowledge graphs can be useful in addressing this challenge.
The information within the graph structure is leveraged by
KG embedding methods [10] that we expect would be useful
in disambiguating alternate interpretations of words/entities in
the query.

In this paper, we propose a framework that leverages state-
of-the-art entity linking and KG embedding methods to help
identify query reformulation candidates. We introduce the
notion of surrogate nodes which are nodes corresponding to
queries added into the KG. For each mention in the query (an
entity), we add a new node to the KG and connect it to its
related entities (output of the EL algorithm) already present
in the KG. The inclusion of surrogate nodes improves the
semantics of the KG by adding different senses of a query.
It also offers a mechanism to grow/refine the KG based on
emerging/evolving set of entities present in user search queries.

We then perform LP on the enhanced KG (based on similar-
ity in embedding space, see Algorithm 1), thereby providing
related entities that are interpreted as query suggestions. We
evaluate this new problem setting, an EL-LP pipeline, by the
construction of a new benchmark and design of relevant met-
rics to measure the performance of our approach against the
baseline. Additionally, we undertake a query suggestion study
which demonstrates how providing additional knowledge to
the KG can disambiguate the user intent. In Figure 1, the user
may not know that in order to get information for “Spider-Man
3”, the keyword “Marvel Comics” can be used. In this sense
our goal is to assist the user more effectively benefit from the
search experience.

We summarize our contributions as follows:

1) We propose the framing of knowledge-aware query
suggestion as a link prediction task. The key idea of our

framework is to add surrogate nodes which represent
query entities to an existing knowledge graph.

2) We propose a framework that tolerates imperfect entity
linking but still identifies relevant related entities to
those present in the query.

3) We conduct a thorough evaluation of this new problem
setting, including a range of metrics, to illustrate the
utility of our method.

4) We conduct a case study to qualitatively demonstrate the
effectiveness of our approach.

The rest of the paper is organized as follows: We first survey
the related works in the area of link prediction and query
suggestion/generation and explain how our work is different
from previous studies. Next, in Section III we provide the
required definitions, introduce our problem and the formal
framework for our problem (contribution 1). In Section IV,
we present our new evaluation setting and the metrics we
use to assess our work (contribution 2). We examine our
model in Section V against several benchmark datasets and
carry out analyses to show the effectiveness of our method.
In Section VI, we provide a case study and conclude our
work along with suggested directions for future work in
Section VII.

II. RELATED WORK

A. Query Reformulation

The problem of query suggestion has been widely studied
recently [11]–[14]. Most of the work on query suggestion
leverages user log data such as their clicks [11], [12], [14].
Most of these works focus on using only user log data []
as opposed to knowledge graph embeddings as done in our
work. In contrast, our work focuses on leveraging an ex-
ternal knowledge graph embedding. and studies for query
reformulation. Recently, there have been a few works that
leverage knowledge graph embeddings (KGE) for tasks related
to query suggestion [15]–[17]. In particular, Recent work
has also studied the problem of suggesting graph-queries for
exploring knowledge graphs [18]. However, these works all
solve a different problem than the one we study in this paper.

While there are some recent work on query reformula-
tion [19]–[23], none of them study the same problem as the
one we study in this work. In particular, a recent paper by
Hirsch et al. [20] conducts a large-scale study investigating
query reformulations by users. Another work by Wang et
al. [19] proposed a reinforcement learning approach that uses
a seq2seq model trained with user query log data to perform
query reformulations. None of these works leverage a knowl-
edge graph or its embedding to improve query reformulation
task.

B. Link Prediction

Link Prediction has been extensively studied in social
networks [8], web graphs [24], biological networks [9], in-
formation networks [25], and KG [26]. Methods have been
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Fig. 2: Using existing EL algorithms, we link the mentions (m) in the input queries to KG entities: linked entities (el). Then
we create a node per mention: surrogate nodes (em). Next we obtain node embeddings and use the vector representations to
calculate the kNN matrix (M ). In this example et is the nearest neighbor to el so we call it the predicted tail (t̂). t̂ is used as
a suggested query. The pair 〈m, t̂〉 is then evaluated.

proposed for predicting links in different types of graphs
including bipartite graphs [27], homogeneous graphs [5], and
knowledge graphs [4], [28]. Methods for link prediction are
all essentially based on either the notion of proximity in the
graph [29]–[33] or the notion of structural similarity/roles [34].
There have been some work on using motifs for link predic-
tion [5], [35]. Complex link prediction methods have been
developed recently that leverage embeddings [28] derived from
graph autoencoders [36], [37], graph neural networks [30],
spectral methods [26], [31], among many others [38]–[40].
Other work has focused on the evaluation of different link
prediction methods [41]. While most work has focused on
transductive (within-network) link prediction [30], [36], there
are some recent inductive (across-network) link prediction
methods [38]–[40].

More recently, there has been a lot of work on link
prediction in knowledge graphs [4], [29], [42], [43]. Most
link prediction methods for knowledge graph are based on
proximity/distance in the graph, and leverage paths [29],
tensor factorization [44], random walks [45], and other local
proximity-based mechanisms [43]. There have also been some
recent work that enriches the graph to improve link prediction
using multilingual textual descriptions [25]. The proposed
framework in this work is agnostic to the link prediction
method, and can naturally leverage any state-of-the-art ap-
proach. Unlike previous methods, our proposed framework can
choose from a variety of EL and LP algorithms in a plug-in
manner. In addition, our method can be used when user data
is sparse. It searches for queries that exist in the underlying
KG, and hence does not need behavioral and retrieval data.

III. PROPOSED MODEL

In this section we first define the terminology used in this
paper, formally, then describe the problem we are trying to
solve, and finally explain how we address this problem.

A. Preliminary Definition

Knowledge Graph: Let G = (E ,R, T ) be the knowledge
graph, where E is a set of textual entities, R is a set of textual

relations, and T is a set of triplets in the form of (h, r, t),
where h, t ∈ E are head and tail entities and r ∈ R is a
relation between two entities.

Entity Linking: Let Q = {q1, · · · , qn} be a set of textual
queries. Every query q is defined as a sequence of words q =
(w1 · · ·wv). Every subsequence of words in q that represents
an entity e is called entity mention and denoted by m if e ∈ E .
The process of mapping mention m to entity e is called Entity
Linking, EL : m 7→ e.

B. Problem Definition

Knowledge-Derived Query Suggestion: The standard
query suggestion task is considered as a ranking problem
where a set of candidate suggested queries are ranked and
provided to the user given an initial query, q, and a scoring
function. Existing methods take qi and predict the next query
P (qi+1|qi) using a sequence-to-sequence model. These meth-
ods cannot handle out-of-vocabulary words and have unpre-
dictable behavior for rare combinations. We redefine the task
of query suggestion such that it would not require user data
(historical or behavioral). The central idea is that KG entities
are meaningful suggestions because they are curated objects
whose coverage are not limited based on word popularity. To
incorporate the KG we use an entity linking algorithm which
assigns a set of KG entities to the query and use these linked
entities to find relevant suggestions for the initial query.

In summary, given the above setting, a knowledge graph
G = (E ,R, T ), and a query q ∈ Q, the goal is to return a
ranked list of relevant entities, 〈e1, e2, · · · 〉, where ei ∈ E and
relevance is inferred based on the distance in the embedding
space.

C. Proposed Model

Our model incorporates a state-of-the-art EL algorithm
which allows us to map queries to entities in the underlying
KG. Knowledge-derived query suggestion relies on properly
identifying the entities in the query. With a perfect EL system,
we can annotate the mentions in the query with known entities
and the task is concluded. However, since queries are short



with little or no context, EL algorithms fall short in this dis-
ambiguation task. This makes the task of query reformulation
challenging and motivates our method. In what follows we
explain how imperfect EL can address these shortcomings.

First, we employ existing EL algorithms to map mentions in
queries to multiple KG entities. We consider several linked en-
tities because the EL method may make incorrect predictions
and considering multiple entities improves the recall of our
model while maintaining good precision. Further, the output
of most entity linking methods are accompanied by confidence
scores, and we can use these scores to weight edges when we
later connect them to the knowledge graph entities. Next, for
each mention m in the query set, we add a new node (i.e.,
an entity) em to the KG, which we refer to as a surrogate
node. We connect surrogate nodes to linked entities if they
are present in the KG, thus the new links have the form of
〈em, el〉, where el is the linked entity. Incorporating surrogate
nodes into the KG changes the structure of the underlying
KG. These textual entities introduce new semantics which we
exploit in our similarity-based link prediction module.

Once we construct the augmented KG, we use a KG
embedding algorithm to compute low dimensional embeddings
for its entities. Given the vector representation of an entity,
we propose a LP model which ranks entities based on their
relevance to the surrogate nodes. We define LP formally as
follows: given a head entity el, the goal is to infer a tail entity
t̂ that completes a link 〈el, t̂〉.

t̂ = argmax
ei∈E

f(el, ei) (1)

In this equation lower case notations in bold refer to
embeddings and f(.) is a score function that minimizes the
distance between the two entities.

Given the embedding of a linked entity, el ∈ Rd and the
set of embeddings {ei} where 0 < i < |E| and ei ∈ Rd, we
search for top k most similar entities in the embedding space.

M = k-argmin
0<i<|E|

‖el − ei‖ (2)

In other words, for each surrogate node, em, we find k nearest
neighbors (kNN) of its linked entities and predict links in the
form of (em, t̂), where t̂ is an entity belonging to kNN of el.
This process is presented in Figure 2 and Algorithm 1.

IV. EVALUATION

One approach to assess the quality of the outcome of a
search engine is to measure how satisfied the users are with
the results, and the user satisfaction is quantified by several
methods in the Information Retrieval community, such as
relevance of the results to the query or quantifying the click
information, etc.

Evaluating a system where ground truth information re-
garding the relevance of the returned documents to the target
query is available is standard. However, in our problem setting
we have a set of queries with unsatisfactory search results
and the ground truth is not obtainable. Furthermore, the link

Algorithm 1 Link Prediction Process
Input: KG G and the set of queries Q
Output: Predicted links L

1: for each q ∈ Q do
2: m← mention in q
3: S[q] = {em| q : m 7→ el ∈ E}
4: for each 〈em〉 ∈ S[q] do
5: Add (em, el) to G
6: end for
7: end for
8: Calculate embeddings for all the nodes in enhanced G
9: Calculate M which is the kNN matrix for all of the embedding

vectors.
10: L = {} # predicted links/tails per query
11: for each q ∈ Q do
12: for each em ∈ S[q] do
13: for each t̂ ∈M [em] do
14: L[q].append(〈m, t̂〉)
15: end for
16: end for
17: end for

prediction algorithm provides a set of entities as suggestions
for reformulating the original query. Since our approach adds
surrogate nodes that are not present in the ground truth, it is not
possible to use the standard link prediction setting to evaluate
our framework. Hence, we propose a rank-based evaluation
technique that measures how well the distance metric ranks
the entities.

A. Rank-based Evaluation

A surrogate node is a query in the KG which is connected
to n entities obtained by one or multiple EL algorithms, and
we predict k other entities per linked entity. Thus we have
at most n × k predicted entities. To sort these entities based
on importance we consider their euclidean distance from their
associated linked entity in the embedding space. To evaluate
this sorted list of predicted links we count how many of them
are present in the KG if we consider the top 10 and 50 linked
entities. We normalize these numbers by the total number of
predicted links to obtain Hits@10 and Hits@50.

Hits@k =

|L|∑
i=1

1 if rank(h,r,t)i ≤ k

Additionally, we borrow two other metrics from information
retrieval community: mean Average Precision (mAP) which
measures the percentage of relevant suggested entities, and
Normalized Discounted Cumulative Gain (NDCG) to give
more weight to highly relevant suggested entities compared
to moderately relevant ones.

Given a ranked list of predicted links per query we mark
them as relevant if they exist in the KG and calculate AP:

AP =
1

nr

n∑
i=1

(P (i)× rel(k))

where nr is the number of relevant links, rel(k) ∈ {0, 1}
indicates if the link is relevant or not, and P (i) is the precision



at i in the ranked list. Once we obtain AP for each query we
can average across all queries to find MAP:

MAP =
1

N

N∑
q=1

AP(q)

where N is the number of all queries.

NDCG =
DCG
iDCG

where DCG is Discounted Cumulative Gain which cal-
culates the sum of all the relevance scores in a suggested
query set and iDCG is the same measure for the sorted set
of suggested queries:

DCG =

N∑
i=1

reli
log2(i+ 1)

where logarithm in the denominator takes the position of
the suggested query into consideration.

B. Similarity-based Evaluation

In addition to rank-based metrics we can capture the
relatedness of the suggested queries to the intended query
by measuring the similarity between the two. The similarity
can be defined in text space or in the embedding space.
Hasibi et al., [46] proposed lexical similarity as a feature to
measure relevance. For this metric we use Jaro edit distance
to capture spelling mismatches.

simlex = max
ˆt∈L

(1− dist(t̂, q))

where t̂ is the predicted tail entity and q is the target query.
To further measure the quality of suggested queries and

following the idea proposed by [47], we use a word embedding
algorithm to obtain the vector representations of the target
query and the suggested query and calculate the cosine similar-
ity of the two vectors and report it as a performance measure.
This is only possible if the click information of the users is
available. To this end we choose a dataset which provides
session based query log information from AOL (more details
in Section V). Given two embedding vectors, e1 and e2, cosine
similarity is defined as follows:

simemb =
e1 · e2
‖e1‖‖e2‖

C. Baseline

In this new problem setting, we define a strong baseline.
We compare our model with the case where we predict links
in the form of 〈EL(m), t̂〉, where EL(m) is the top linked
entity for the mention m. Additionally, we establish a gold
standard upper bound in which we know the true entity for
each mention and predict links in the form of 〈s, t̂〉 where s
is the true linked entity for mention m which means we have
an error-free EL oracle. Please note that we cannot compare
our model with conventional methods because our problem

TABLE I: Statistics of the benchmark datasets. We used
BLINK [48] to obtain accuracy measures in the last column
which is a large scale entity linking algorithm.

Dataset #documents #mentions EL accuracy

AIDA-YAGO2 946 18,448 80.27%
ACE2004 36 257 86.89%
AQUAINT 50 727 85.88%
MSNBC 20 656 85.09%
WNED-CWEB 320 11,154 68.25%
WNED-WIKI 320 6,821 80.67%
Yahoo! 980 2,114 60.07%

setting is different. In fact our model can be built on top of
any query suggestion framework and improve their results (as
we will show in section VI).

V. EXPERIMENTS

This section describes the datasets and evaluates our model
based on the evaluation setting explained in previous section.

A. Datasets

We consider several benchmark datasets to evaluate our
framework. These datasets are designed for tasks other than
query suggestion, such as entity linking, named entity recog-
nition, etc.

AIDA-YAGO2: This dataset consists of hand annotated
Reuters news articles and contains assignments of entities to
the mentions of named entities [49]. Mentions in this dataset
can be mapped to YAGO, Wikidata, and Freebase entities.

ACE2004: ACE is a subset of ACE co-reference dataset an-
notated by Amazon’s MTurk [50], Originally, The Automatic
Content Extraction (ACE) program presented this dataset for
information extraction-related tasks such as entity recognition,
relation recognition, and event extraction [51].

AQUAINT: This dataset is a news corpus consists of
text data in English, drawn from three sources: the Xinhua
News Service, the New York Times News Service, and the
Associated Press [52]. It has been used for evaluating entity
disambiguation and entity linking tasks [48], [53].

MSNBC: This dataset contains top two stories in the ten
MSNBC news categories [54].

WNED-CWEB and WNED-WIKI: These datasets were
introduced in [55] for the task of entity disambiguation
and entity linking. WNED-CWEB and WNED-WIKI are
obtained from large web corpora, namely Clueweb12 [56],
and Wikipedia, respectively.

Moreover, we consider a dataset from information retrieval:
Yahoo data search query log is part of the Yahoo Webscope
program [57] that contains queries obtained from Yahoo web
search. The basic statistics of these datasets are presented in
Table I.

For all the listed datasets in Table I, true entity and the
context around the mention are provided. True entity is the
label that links mentions to Wikidata entities [58], and we use



TABLE II: Rank based results for all datasets. The entity linking for Yahoo dataset is missing as the ground truth is not
available for this dataset/task.

Baseline Our Approach Gold Standard

Dataset EL Accuracy Hits@10 Hits@50 mAP NDCG Hits@10 Hits@50 mAP NDCG Hits@10 Hits@50 mAP NDCG

ACE2004 84.43 1.81 12.14 18.78 14.55 2.17 13.41 22.40 17.20 14.50 72.46 97.00 56.88
AIDA-YAGO2 79.51 1.65 7.16 33.72 44.93 4.21 10.60 61.78 54.34 11.25 38.25 73.36 63.79
AQUAINT 86.62 1.45 3.26 15.27 16.77 5.47 13.14 88.23 34.41 10.87 16.30 92.43 62.98
MSNBC 84.28 1.00 6.52 15.37 19.64 10.94 22.61 57.32 42.55 13.91 51.09 93.65 53.95
WNED-CWEB 67.47 3.43 11.38 43.84 43.20 6.47 16.29 68.10 59.01 10.40 34.58 77.48 61.12
WNED-WIKI 79.76 2.66 13.45 38.17 26.82 5.06 16.12 66.50 40.40 11.42 42.46 85.35 54.45
Yahoo! - 2.28 22.57 32.14 16.71 14.49 25.88 92.22 47.90 23.81 55.69 97.66 57.80

these labels to measure the performance of the entity linking
and investigate how this performance affects the performance
of our final model. State-of-the-art entity linking accuracy on
these datasets is also provided in Table I. For these datasets
we report rank-based metrics, as we can establish baseline and
the upper bound as explained in previous section.

To evaluate our work using similarity-based metrics, we
use AOL dataset which is a collection of 20M web queries
collected from 650k users from 01 March, 2006 to 31 May,
2006. Time stamp data and click through information are
available and if the user clicked on a search result, the rank of
the item on which they clicked is also listed [59]. The presence
of click information enables us to perform similarity-based
evaluation. We split queries into sessions, every 30 minutes is
considered a session [60]. The queries in each session form
a context for the target query (the last query in a session is
the target query if the user clicks on the search result). We
perform basic preprocessing (e.g., removing punctuation and
converting to lower case), and select 10,000 sessions at random
for the experiment.

For our case study, we use a set of queries issued to Adobe
Stock. This dataset only provides query information, and the
ground truth and click information are not provided. Hence
none of the evaluations discussed in Section IV could be
performed on this dataset. As a result, we picked 50 queries
and asked 20 annotators to annotate the search result from two
search engines (Google Image and Adobe Stock). Given the
annotated pairs of queries and search results, we can study the
quality of suggested queries.

As an underlying KG we use FB15k-237 which contains
15K entities and 237 relations [61]. It is based on Freebase
and is a subset of FB15k [62] where redundant relations
have been removed. This KG has been widely used in the
literature [63]–[65] for the task of graph completion. We use
it as an external source of knowledge to suggest alternative
queries. We employ the existing mapping between the entities
of FB15k-237, denoted by mids, and Wikidata entities. This
mapping is required as the EL algorithm we use maps the
mentions to Wikidata entities. Besides, we construct a reduced
version of the FB15k-237 to only consider the intersection
of the linked entities of the query log mentions and the
knowledge graph entities.

B. Rank-based results

We compare the predicted links from our approach with
links predicted by the baseline and gold standard. We report
Hits@10, Hits@50, mAP and NDCG. Table II presents the
performance measures for this analysis. Our approach lies
between the performance of the baseline and gold standard,
outperforming the baseline across all datasets.

Consider the case when the accuracy of EL is low (e.g.,
67.47% for WNED-CWEB). In this case, we observe a con-
siderable increase in performance over the baseline—a 100%
increase in Hits@10. This is likely due the top linked entity
being identical to the correct entity and is consistent with our
underlying hypothesis. This suggests that our approach is most
helpful when EL fails. We hypothesize that short queries are
most likely to encounter low EL accuracy, and these are the
focus of our case study (Section VI).

We further study the cumulative precision with regard to
the distance used to rank the suggested queries. To do this, we
first sort the predicted links based on distance, then calculate
precision for each threshold considering all links with distance
between 0 and that threshold. This is illustrated in Figure 3 for
WNED-CWEB dataset. In Figure 3, precision at threshold 1
is the precision when considering all the predicted links, i.e.,
nothing is filtered out based on distance. Ideally, we should
observe a sigmoid shape with the center at 0.5 (similar to
the gold standard). Our model follows a similar trend. The
precision of the baseline varies only up to about 0.4 and is
not monotonic.

C. Similarity-based results

We report similarity-based results on AOL dataset. For this
task we perform entity linking on the context of each session
and predict tails using baseline and our approach. As described
in Section IV we use lexical and semantic similarity metrics to
measure the relevance. For lexical similarity we obtain 59.3%
similarity between the predicted tail and the target query (we
retrieve this based on click information that is available in
AOL dataset) for our approach, while achieve 48.2% similarity
when using the baseline.

We then compute the embedding of the top predicted tail
in each approach (using a pretrained BERT model [66]), also
compute the embedding of the target query and calculate the
cosine similarity between the two embeddings per session. We



TABLE III: (left) Results of case study broken down by configuration. Shown are percentage of participants rating result
pages to be relevant and Krippendorff’s α. (right) Results of filtered queries with lower rating variance in order to achieve a
Krippendorff’s α > 0.7

Baseline Our Approach
(exclusive) (expanded) (exclusive) (expanded)

Google Image 52.5% (.408) 54.6% (.210) 60.0% (.492) 60.7% (.534) 60.4% (.414)
Adobe Stock 40.0% (.289) 53.8% (.629) 56.6% (.741) 62.5% (.561) 51.6% (.623)

51.1% (.484) 62.0% (.619)

Baseline Our Approach
Google Image 74.2% (.337) 80.5% (.370)
Adobe Stock 40.0% (.698) 75.4% (.756)
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Fig. 3: Cumulative precision at distance-based thresholds.

obtain 90.6% for cosine similarity averaged across all sessions
when using our approach compared to 86.3% for baseline.

VI. CASE STUDY

We investigate the quality of the suggested query candidates
in a case study based on 210 queries and 50 MTurk partic-
ipants. Participants judged the relevance of results obtained
from Google Images and from Adobe Stock. We collected
10 ratings per query, search engine, and approach triple. We
randomly sampled from real-world queries issued on Adobe
Stock where the results were reported as unsatisfactory by
users. We consider basic variants of using suggested entities
as search queries that are produced by the baseline and
our method: (exclusive) uses exclusively suggested entities as
query, and, (expanded) uses the original query in conjunction
with the suggested entities.

Overall—with a rather low overall Krippendorff’s α =
.55—employing Knowledge-Derived Query Suggestion tech-
niques such as the introduced baseline or our proposed ap-
proach lead on average to 57% relevant retrieval results.
Our approach is outperforming the baseline in all experiment
configurations. While Google’s image search produces more
relevant results compared to Adobe Stock due to its larger
repository, our approach has the largest impact on Adobe Stock
relative to the baseline. Table III (left) shows a breakdown
of the experiment configurations including the corresponding
Krippendorff’s α scores. Our approach tends to produce larger
inter-rater reliability.

A Krippendorff’s α of .7 which allows tentative conclusions
according to [67] can be achieved with the removal of 26%
of queries that have the highest rating variance. Independent

of the setup, in 64.8% participants found the results relevant.
Table III (right) shows the corresponding results for several
experiment configurations.

VII. CONCLUSION AND FUTURE WORK

This paper proposed a query suggestion framework that
exploits an external source of knowledge. Using state-of-the-
art entity linking, we added queries represented as surrogate
nodes to an external KG and showed how the inclusion of
different senses of a query boosts the retrieval effectiveness.
We devised a link prediction mechanism that returns a ranked
list of queries similar to the linked entities and we proposed
metrics to evaluate the list of suggested queries. We performed
extensive experiments on seven benchmark datasets to show
the superiority of our model over the baseline. We also carried
out a case study to assess the qualitative effectiveness of our
model.

As a future direction, we hope to focus on the problem of
producing improved query suggestions. Currently our model
suggests an alternative query but a hierarchical encoding
scheme can enable users to have the ability to choose from
generalization, i.e., integrating suggested entities into a higher-
level entity, e.g., student and faculty into university member, or
specialization, i.e., identifying sub-groups of the target query,
e.g., employee to developer and engineer.
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